1 2 Computational prediction of how strongly an olfactory receptor responds to various odors can help in 3 bridging the widening gap between the large number of receptors that have been sequenced and the 4 small number of experiments measuring their responses. Previous efforts in this area have predicted the 5 responses of a receptor to some odors, using the known responses of the same receptor to other odors. 6
Introduction 14 15
Odor sensing begins with the binding of odor molecules to olfactory receptors (ORs) expressed on the 16 membranes of olfactory sensory neurons. An organism often expresses a repertoire of tens or hundreds 17 of types of receptors, which combinatorially can detect a very large number of odor stimuli (Malnic et 18 al., 1999) . The amino acid sequences of these receptors -and consequently their tuning profiles to 19 odors -vary from species to species, in accordance with their environmental niches. 20
Identification of the odors that a given OR responds to, also known as deorphanization, is fundamental 21 to understanding olfactory processing. In cases where the sensory neurons expressing a particular OR 22 are known and easy to target with electrodes, the cognate odors can be identified using extracellular 23 recordings from those neurons (Lu et al., 2007; Olsson and Hansson, 2013; Li et al., 2018 ). An alternative 24 approach is to express the OR in an easy-to-target cell using heterologous expression systems -25 including cell lines, Xenopus oocytes, or the empty neuron system; these have been used in different Here, we present a computational approach for predicting the responses of an OR even when no odor 48 responses are available for that OR; our method instead uses the known responses of other conspecific 49
ORs and the sequence similarities among them. We demonstrate the effectiveness of this approach by 50 comparing our predictions with the experimentally measured responses recordings in insects. Our 51 method also provides insights into the response-determining positions in the receptor sequences. 52
53
Results 54
Lack of correlation between OR sequences and responses 55
As odor responses of an OR depend on its three-dimensional structure, which in turn depends on the 56 amino-acid sequence, we expected that the sequence similarity between a pair of ORs will relate to the 57 similarity in their responses. To test this idea, we used large scale datasets of odor responses of 24 ORs 58 The lack of correlation between the sequences and the responses is partly because only a small fraction 72 of residues in the sequence are involved in determining odor-specificity, and the similarity of these 73 residues is not represented well by the overall sequence similarity (Man et al., 2007). However, as there 74 is very little structural information available for ORs, the positions of these response-determining 75 residues are not known. We took an empirical approach to rank each position in the multiple sequence 76 alignment of all receptor sequences according to its importance in determining the odor responses (see 77
Methods). Within a species, the ranking was done jointly over all ORs to avoid overfitting. Using this 78 ranked list of positions for each species, we selected the top 20 positions that should help in predicting 79 the odor responses of new ORs. 80
We first confirmed that the subsequences of amino acids formed by these 20 positions in each OR were 81 indeed related to the responses. We found the correlation between the response distance and sequence 82 similarity (calculated using only the subsequences formed by the 20 positions) to be -0. gambiae. Compared to the result seen with the full sequence ( Fig. 1) , these correlations were 85 significantly negative. Similar negative correlations were observed even if we used only half of the odors 86 for calculating the top 20 positions and the other half for calculating the response similarity 87 ( Supplementary Fig. S1 ). If we varied the number of top ranked positions used in the analysis, the 88 correlation coefficients did not change for numbers between 10 and 40 but gradually reduced for larger 89 numbers of positions (Figs. 2B1,2), suggesting that lower-ranked residues are not important for the 90 prediction of responses. Subsequently, we used the top 20 positions as the response-determining 91 6 of these correlation values was significantly greater than zero: 0.46 (P = 2.53 x 10 -7 , t-test; P = 1.63 x 10 -5 , 121 sign-rank test; N = 24 ORs) in D. melanogaster, and 0.25 (P = 1.18 x 10 -4 , t-test; P = 1.19 x 10 -4 , sign-rank 122 test; N = 50 ORs) in A. gambiae. In contrast, control predictions obtained by shuffling the response 123 matrices (see Methods) were not correlated with the actual responses ( Fig. 3C) : mean correlation values 124 were 0.0002 (P = 0.95, t-test; N = 24 ORs) in D. melanogaster, and 0.0008 (P = 0.65, t-test; N = 50 ORs) in 125
The correlation coefficient between the actual and the predicted odor response vectors tells whether 127 these responses have the same relative magnitude across different odors, but does not tell how close 128 the two responses are in absolute terms (a predicted response that is several times larger than the 129 actual response for every odor will have a perfect correlation). We therefore also used a distance-based 130 metric and checked whether our predictions were closer to the actual responses than the control 131 predictions were. We define , as the absolute difference between the predicted response 132 and the actual response of an OR to an odor, and and Galizia, 2016). Each of these ORs had responses available for some of the 110 odors used previously; 152 overall, 68 of the previously used odors were represented in the new dataset. These 26 ORs were 153 entirely different from the 24 ORs used previously in selecting the response-determining positions, and 154 therefore provided an independent test for our approach. Using the set of top 20 response-determining 155 positions as selected earlier from the original D. melanogaster dataset, we found that the responses 156 predicted for the 26 novel ORs were significantly better with our approach compared to the control 157 predictions ( Fig. 4A,B) : the average , of an OR (37.01) was smaller than average While predicting the responses of the new ORs above, we had relied on the known responses of 24 ORs. 165
Can similar predictions be made if responses of fewer ORs are available? To check this, we sampled 166 subsets of ORs from the original dataset of 24 ORs, and used these samples to select response-167 determining positions and make the response predictions. The sizes of these samples were varied from 168 3 to 21 in intervals of 3, and for each size the sampling was performed 10 times. We found that the 169 difference between the predicted and the actual response ( , ) decreased gradually as the 170 number of sampled ORs increased but saturated for 15 or more ORs (Fig. 4C) . A similar trend was 171 observed when we checked how the number of sampled ORs affected the fraction of predictions that 172 were better than control ( Fig. 4D) . These results suggest that a relatively small set of ORs with known 173 responses may be enough to make reasonable predictions for new ORs. 174 limited to any one region, but were instead found in various parts of the protein (Fig. 5) . It is important 191 to note that our analysis does not imply a causal or a mechanistic role for each of these residues in 192 interacting with the odor molecules, but only suggests that these residues may be involved in some expected to be among the top positions by chance, we found as many as 9 of them to be among the top 214 positions (P = 2.28 x 10 -4 ; binomial test), providing experimental support to our response-determining 215 positions. These 9 experimentally studied mutations, which map to the top positions in our alignment, 216 are listed in Table 1 (further, Table S1 shows all positions). Among these, residue 146 in OR85b of D. data, we calculated the top 20 response determining positions. We then calculated the response of each 237 mouse receptor using the weighted average of the responses of the remaining receptors, as done for 238 insect receptors (see Methods); for comparison with actual responses, this value was also converted to 239 a binary response using a threshold, set to keep the total fraction of 1s in the predicted responses also 240 at 8%. The predictions thus obtained had a false alarm rate of about 7% and a hit rate of about 21%, 10 obtained for 1000 shuffled control predictions). We next asked if human OR responses could also be 243 predicted using the mouse training data. Using the top positions, the responses, and the threshold 244 identified from the mouse data, we predicted the binary responses of the 10 human ORs. Among the 10 245
Predicting responses in larval
x 63 values in the original human dataset, 78 (~12%) were 1s. Our prediction yielded 581 0's and 49 1s, 246 with a false alarm rate of about 7% and a hit rate of about 13% (d' = 0.34, P = 0.047 based on 1000 247 shuffled predictions). In summary, these results show that our method can also be used to predict 248 vertebrate OR responses with better than chance accuracy. they have only about 20 % homology among conspecific ORs; indeed, we found that there was no 255 correlation between the overall sequence similarity and the response similarity among the ORs. We 256 were able to overcome this difficulty by focusing on subsets of positions that may be important for 257 determining odor responses. Our approach was successful in predicting the responses for not only the 258 set of fly and mosquito receptors whose data was used while developing the method, but also for a 259 completely novel set of receptors whose responses were taken from 10 independent experimental 260 datasets. Further, we found that the predictions require only about 15 ORs with known responses (Fig.  261   4) . This computational approach can be particularly useful for receptors expressed in neurons that are 262 difficult to access in electrophysiology experiments, or for receptors that do not express well in 263 heterologous expression systems (Ronderos et al., 2014). Finally, we also showed that our method can 264 also be used for vertebrate receptors. Therefore sequence-based computational methods will be important for receptors whose structures 285 and responses have not been determined experimentally. The sequence-based predictions are expected 286 to fare better when the responses being predicted are in the same range as the responses in the training 287 dataset, but may not fare as well in predicting uniquely strong ligands for a novel receptor (for the latter 288 goal, three-dimensional modeling may be necessary). Our computational predictions can be used to 289 identify the candidate ligands to be tested experimentally. The method can also be extended to other 290 types of chemosensory receptors, such as the ionotropic receptors and the gustatory receptors. 291
We have used a simple algorithm in our approach, where we first identify the important positions in the 292 sequences and then use the similarity at those positions to make the predictions. It may be possible to 293 achieve good predictions without explicitly identifying the important positions and instead using a 294 machine learning-based approach that uses all the residues and learns a non-linear mapping between 295 the sequences and the responses. However, we preferred the simpler deterministic approach over the 296 blackbox approaches typically used in machine learning because the deterministic approach provides a 297 transparent rationale for and information about the sequence positions that are used for making the 298 predictions. Expectedly, a majority of the identified positions were located in the extracellular loops or 299 transmembrane helices (particularly the seventh transmembrane, which has been experimentally shown 300 to be important for determining responses), but some were also found in intracellular loops. A previous 301 study has shown that mutation of intracellular residues can affect the electrophysiological responses of 12 the residues and responses, and it is likely that some of the identified positions, particularly those found 304 in intracellular regions, affect the odor responses indirectly rather than through direct interactions with 305 the odor molecules. By comparing the 47 positions previously found to be important in mutagenesis 306 studies in various organisms (Nichols and Luetje, 2010; Nakagawa et al., 2012; Xu and Leal, 2013; 307
Hughes et al., 2014; Ray et al., 2014), we found that 9 of them (a statistically significant fraction, more 308 than 4 times larger than that expected by chance) mapped to the top positions identified in our analysis 309 (Table 1) . This shows that our method is using reliable positions for making the predictions. The other 310 top positions that have not been experimentally studied so far are good candidates for future 311 mutagenesis studies, and could help in understanding the mechanisms of odor-OR interactions. As more 312 experimental evidence accumulates, the response predictions can be further improved by giving more 313 weightage to the experimentally verified positions among the top positions. 314
Methods 315

Response datasets 316
Responses of 24 D. melanogaster ORs were obtained from a previous study (Hallem and Carlson, 2006) 
Ranking the response-determining positions 339
We identified the response-determining sequence positions for D. melanogaster and A. gambiae using 340 the following approach, which quantifies at each position how well the differences in amino acids across 341 the receptors correlate with the differences in their responses. These positions corresponded to 342 columns in the multiple sequence alignment, and were same for all the receptors within a species 343 (allowing different positions for each receptor can provide better correlations for individual receptors 344 due to overfitting but will have poor generalizability for other receptors). 345
From the total of 817 alignment columns in the multiple sequence alignment, we first eliminated the 346 columns which were either fully conserved or had gaps in more than half of the sequences, leaving 378 347 columns to be ranked in D. melanogaster and 392 columns to be ranked in A. gambiae, of which 369 348 were common to both species (see Table S1 ). We denote an element of the alignment by , where 349 indicates the alignment column and ∈ [1, 24] [1, 50] in D. melanogaster and A. gambiae, 350 respectively, indicates the row corresponding to a receptor with known responses. The following steps 351 were carried out separately for each species. To calculate the rank for each of the columns, we first 352 calculated a sequence similarity vector ( ) for each column, each element ( ( 1 , 2 ), ) of which 353 contained the pairwise amino acid similarity scores, calculated using BLOSUM62 matrix, between all 354 pairs of receptors ( 1 , 2 ) that did not have a gap in the alignment column : 355
Similarly, we computed a response distance vector ( ) for the same pairs of ORs in the column, each 357 element ( ( 1 , 2 ), ) of which contained the absolute difference between the responses of receptors 358 1 2 to an odor : 359
where denotes the neural response of receptor to odor . We used the L1-norm instead of the 361
Euclidean distance to avoid giving extra weightage to larger values. Note that and are both 362 vectors of the same length; this length is equal to the number of all possible pairs of receptors that did 363 not have a gap in column . We then calculated the Pearson's correlation coefficient ( ) between the 364 sequence similarity ( ) and response difference ( ) vectors for each column and each odor . The 365 P-value of this correlation, denoted by , was also noted. A negative value of indicates that the 366 receptors that have high sequence similarity at the alignment position also have high response 367 similarity (small distance) for odor . Finally, we calculated the total score of a column as 368
371
Use of P-values allowed us to give more weightage to highly significant correlations. Columns with high 369 scores were used subsequently as the response-determining positions. 370
Response prediction 372
We first generated the subsequences using the amino acids at the response-determining positions; this 373 was done for the receptors with known responses and also for the receptor whose response is being 374 predicted (query). Subsequence similarity ( , ) between the query receptor and each of the 375 known receptors was calculated by taking the average of BLOSUM62 score for all positions in the two 376 subsequences (excluding positions with gaps). The similarity values were then linearly scaled (denoted 377 by ����� , ) to a range of 0 to 100 to avoid negative weights in the subsequent steps: 378
The predicted response ( � ) of the query receptor to an odor was calculated as a weighted 380 average of the known responses: 381
where is the number of receptors with known responses and denotes the neural response of 383 receptor to odor . 384
Control Predictions 385
Control predictions were obtained by shuffling the OR-odor response matrix and taking the shuffled 386 response as the control prediction for each OR-odor combination (this operation allowed generation of 387 random predictions while maintaining the overall statistical properties of the response values). The 388
shuffling was not limited to shifting of rows or columns, but included the shuffling of all elements in the 389 matrix. The shuffling was performed 50 times independently, and the results (correlations or , 390 values) were averaged over the 50 shufflings. 391
Statistical analysis and code availability 392
All analyses were performed in MATLAB. A modified version of Gramm plotting toolbox (Morel, 2018) 393 was used to draw the plots. We used Pearson correlation to measure the correlations, and t-tests and 394
Wilcoxon signed-rank tests to compare the means. All tests were two-tailed. The number of sample 395 points is shown for each test in the results. The code developed in this study can be accessed from 
